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Abstract. Most ecosystems and crops experience water stress in arid and semiarid areas of the
Inner Mongolia grassland, Northern China. Yet the lack of long-term in situ monitoring data
hinders the managerial capacity of changing water vapor environment, which is tied with
sustaining the grassland in the Inner Mongolia. Environmental remote sensing monitoring and
modeling may provide synergistic means of observing changes in thermodynamic balance
during drought onset at the grassland surface, providing reliable projections accounting for
variations and correlations of water vapor and heat fluxes. It is the aim of this paper to present
a series of estimates of latent heat, sensible heat, and net radiation using an innovative firstprinciple, physics-based model (GEOMOD: GEO-model estimated the land surface heat with
MODis data) with the aid of integrated satellite remote sensing and in situ eddy covariance
data. Based on the energy balance principle and aerodynamics diffusion theory, the
GEOMOD model is featured with MODIS (Moderate Resolution Imaging Spectroradiometer)
data with 250 m spatial resolution to collectively reflect the spatial heterogeneity of surface
properties, supplement missing data with the neighborhood values across both spatial and
temporal domains, estimate the surface roughness height and zero-plane displacement with
dynamic look-up table, and implement a fast iterative algorithm to calculate sensible heat. Its
analytical framework is designed against overreliance on local micro-meteorological
parameters. Practical implementation was assessed in the study area, the Xilin Gol River
Basin, a typical grassland environment, Northern China. With 179 days of MODIS data in
support of modeling, coincident ground-based observations between 2000 and 2006 were
selected for model calibration. The findings indicate that GEOMOD performs reasonably well
in modeling the land surface heat exchange process, as demonstrated by a case study of Inner
Mongolia.
Keywords: Ecosystem, heat flux, MODIS, remote sensing.

1 INTRODUCTION
The exchange of heat and water vapor between the atmosphere and the land surface is a
complex process involving the coupling of physics, chemical, and biological components.
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Such dynamics influences ecosystem water balance and net primary productivity (NPP)
through effects at several scales. In principle, the process of surface heat flux transfers solar
energy to the land and is intimately linked with short-wave and long-wave solar radiation,
radiometric surface temperature, physiological activities of vegetation, and
micrometeorological conditions. Some of these factors vary with location and over time
resulting in spatial patterns of intertwined water and energy fluxes on the surface of the Earth.
Environmental sensing, monitoring, and modeling may provide a synergistic means for
observing changes in the thermodynamic balance during drought onset as part of early
warning systems, thereby offering reliable projections accounting for variations of soil
moisture.
Over the past two decades, efforts based on field experiments and plant
micrometeorology have been made to model some land surface processes by calculating
radiation, water vapor, and sensible heat fluxes. Most of these models have a clear physical
background to consider the interactions among the soil, vegetation, and atmosphere. However,
modeling such complex natural processes often requires numerous variables and thus
increased computational burden. In addition, parameterization of systematic features can
generate overwhelming information flows, making model calibration impossible. With the aid
of multitemporal, multispectral, and remote sensing technologies, reflecting spatiotemporal
variations in the land surface with respect to humidity, temperature, near-surface turbulence
flux, and the psychrometric condition of the land surface, some of the model calibration steps
can be performed comprehensively. Examples include, but are not limited to, calculation of
regional land surface evapotranspiration (ET), land surface temperature and groundwater
lossusing remote sensing data.
However, in semi-humid areas or semiarid areas covered with sparse vegetation, soil and
vegetation should be considered separately, as reported by Deardorff [1], Dickson[2], and
Shuttleworth[3] who proposed the concept of a resistance network and began to separately
calculate the water-heat flux of soil and vegetation. Choudhury[4] extended this to a two-layer
model based on the system resistance network, but its parameters and processes were limited
to the field scale in agrometeorology. Norman[5] developed a parallel two-layer model
(hereafter referred to as N95) and described the key steps to analyze mixed pixel radiation
temperature by using multi-angular thermal infrared remote sensing data based on Beer’s law.
The essence of N95 rests on simplifying the concept of the two-layer model’s resistance
network. Later on, Kustas and Norman[6] analyzed the uncertainty of a parallel two-layer
model using Beer’s law to disassemble the net radiation without elaborating on the related
multi-angular remote sensing data and its associated uncertainty.
The two-layer model needs remote sensing data to disassemble the vegetation and soil
temperature of pixels. However, this can only be supported by auxiliary large-scale field
experiments to identify a conventional multi-angular analytical solution when using satellite
sensors. This is recognized as a barrier in application of the two-layer model. To overcome
this problem, Zhang et al. [7] calculated the thermal inertia based on thermal images collected
in the morning and at noon to disassemble the temperature of mixed pixels, leading to
computation of the land cover ratio and land surface temperature. To determine land surface
thermal information from multi-channel remote sensing data, Chen et al. [8] used multiangular instead of multichannel remote sensing data to calculate the relevant land surface
information. Although the use of multi-angular remote sensing data to obtain the land surface
energy flux was effective, the different view angles of remote sensors cause differing pixel
geometric shapes and effective radiation.
The natural ecosystem and crops are generally under water stress in arid and semiarid areas,
and it is therefore important to monitor land surface water and energy fluxes at the regional
scale. Challenges arise from the heterogeneity of land surface water and energy fluxes caused
by the varying landscape features[9,10]. Yet the lack of long-term in situ monitoring data
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hinders the managerial capacity of changing water vapor environment, which is tied with
sustaining the grassland in the Inner Mongolia.
It is the aim of this paper to present a series of estimates of latent heat, sensible heat, and
net radiation using an innovative first-principle, physics-based model (GEOMOD) with the
aid of integrated satellite remote sensing and in situ eddy covariance data. Based on the
energy balance principle and aerodynamics diffusion theory, the GEOMOD model is featured
with MODIS data with 250 m spatial resolution to collectively reflect the spatial heterogeneity
of surface properties, supplement missing data with the neighborhood values across both
spatial and temporal domains, estimate the surface roughness height and zero-plane
displacement with dynamic look-up table, and implement a fast iterative algorithm to
calculate sensible heat. Its analytical framework is designed against overreliance on local
micro-meteorological parameters. Practical implementation was assessed in the study area, the
Xilin Gol River Basin, which is a typical grassland environment of Northern China. The
model uniquely considers key parameters of the water and energy fluxes of grasslands and
estimates the dynamic changes of land surface roughness length and zero-plane displacement
based on vegetation index. According to the land surface radiation balance (by which
aerodynamic impedance is related to the vegetation index and land use) and atmosphere
boundary layer diffusion theory, GEOMOD may be expressed theoretically based on several
types of MODIS images and routine meteorological data. The pixel resolution is 250 m across
all key parameters of concern.

2 MATERIALS AND METHODS
2.1 Modeling the land surface heat exchange process
The calculation of sensible heat flux is the most important step when balancing the estimated
land surface heat fluxes. Considering the differences between soil and vegetation layers, the
flux estimation methods can be classified into single-layer model, two-layer model and other
models. The single-layer model is known as single-source model or big-leaf model, in which
the differences between soil and vegetation layers in relation to radiation were not considered.
In late 1980s, Deardorff[1], Dickson[2], and Suttleworth[3] proposed the concept of
resistance network , and started to consider separation of these two layers for model
improvements. Choudrury[11] added the second layer model based on system of resistance
network. Norman et al[12,13] developed a parallel two-layer model (N95), and N95 shows the
importance to integrate remote sensing and ground level data. Kustas [14,15]analyzed the
uncertainty of the net radiation decomposition in a two-layer model based on the Beer's law.
Since then, many publications along this line were geared toward estimating ET based on
satellite remote sensing data for different study areas, including complementary correlation
model, SEBI model[16], S-SEBI Model [17], SEBS model[18], SEBAL model[19-24]and so
on. The GEOMOD driven by remote sensing data was developed in this study, which was
formulated by integrating and synthesizing mechanisms and algorithms available at the
forefront of this field.
The study area consists mainly of typical grasslands in Northern China. To monitor land
surface water and energy fluxes over such a large area, a unique remote sensing model,
GEOMOD, was developed by our group based on the energy balance principle and
aerodynamics diffusion theory. the GEOMOD that is designed based on the traditional surface
heat balance equations[16-24] can assimilate multisource and multi-sensor information to
estimate land water/heat fluxes making use of the regional advantage of remote sensing
technology. These equations involved in GEOMOD are described below based on the theory
that incoming net solar radiation drives all energy exchanges on the earth surface and can be
expressed as a surface energy balance equation as follows:
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Rn = H + G + LE + PH

(1)

where Rn is the net radiation flux; G is the soil heat flux;

H is the sensible heat flux;

LE is the latent heat flux; and PH is the energy used in photosynthesis and crop, which can
be omitted as its value is too small to compute. As long as the values of Rn , G and H are
known, the LE value can be calculated. The calculation of Rn and G is relatively simple
and H is the most critical one to calculate.
Net radiation is calculated on the basis of the land surface radiation:

Rn = (1 − α ) Rs ↓ + ε sσ (ε aTa4 − Ts4 )

(2)

where, Rs↓ is the incident solar short wave radiation, also known as total solar radiation;

α

is the surface albedo.

εs

is the surface emissivity;

σ

is the Stefan-Boltzmann constant

(5.6696×10-8 W·m-2·K-4 ); Ts is the surface or canopy temperature (K), obtained by retrieved
from remote-sensing data; Ta is the air temperature (K) of reference height (Z2);

εa

is the

atmospheric emissivity, it can be calculated by the empirical formula[19-22] .

ε a = 9.2 ×10−6 × (Ta + 273.15) 2

(3)

The Rs ↓ can be expressed as:
2

⎛1⎞
Rs↓ = ⎜ ⎟ I 0 cos θτ b = R0τ b cos θ
⎝ρ⎠

(4)

where, I 0 is the solar constant (1,367 W·m-2); R0 is the vertical incidence of solar
radiation on top of atmosphere;
atmospheric transmittance;

(1/ ρ )

θ
2

is the sun zenith angle on slope;

τb

is the direct

is the revised coefficient of Sun-Earth distance or Earth

orbit:
In GEOMOD, the instantaneous soil heat flux is defined as a function in terms of surface
albedo, vegetation index, and surface temperature [23].

⎡ (T − 273.15)
⎤
G=⎢ s
(0.0038α + 0.0074α 2 )(1 − 0.98 NDVI 4 ) ⎥ Rn
α
⎣
⎦

(5)

where α is the surface albedo; NDVI is the Normalized Difference Vegetation Index;
and Ts is the surface temperature. In particular, Gwater = 0.5Rn is employed for water body in
study area.
The sensible heat flux (H) is the form of the heat exchange between surface and
atmospheric turbulence, which can be expressed as[25]:

H = ρac p
where

ρa

(Ts − Ta )
dT
= ρa c p
rah
rah

(6)

is the air density (kg/m3); c p is the air heat capacity at constant pressure

(1,004.07 J/(kg·K)); Ts is the surface or canopy temperature (K); Ta is the air temperature (K)
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of reference height (Z2); dT is the temperature difference (K) over the two heights of Z2 and
Z1; rah is the aerodynamic resistance (m/s) between Z2 and Z1. The calculation of H of each
pixel has to be done with an iterative procedure to minimize the discrepancy due to small
sample size, which is deemed as a methodological advance in this study. Fig. 1 shows the
flowchart of iterative procedure for the H calculation.
Climatic
parameters

u* u10 zom

Calculate wind
speed of 200m
height

u200 =

Calculate H in
each Pixel
H=

ρa c p

L=−

u10 ln(200 / zom _ station )

dT
rah

ρ a c p u*3Ts
kgH

ln(10 / zom _ station )
Ψm, Ψh amendent

Calculate friction
velocity in each
pixel

u* =

Calculate
aerodynamic
resistance in each
pixel

ku200
200 − d
ln(
)
zom

rah =

1
Z
ln( 2 )
ku*
Z1

u* =

rah =

ku ( z )
z
z−d
z−d
ln(
) − Ψm (
) + Ψ m ( om )
zom
L
L

1
ku*

⎡ Z2
Z2
Z1 ⎤
⎢ln( ) − Ψ h ( ) + Ψ h ( ) ⎥
L
L ⎦
⎣ Z1

rahcold , rahhot
Cold Point

Hot Point

Tcold , NDVI cold , Rncold , Gcold
H cold = Rncold − Gcold − kcold λ ETr

Thot , NDVI hot , Rnhot , Ghot
H hot = Rnhot − Ghot − khot λ ETr

dTcold = H cold rahcold / ρ acold c p

dThot = H hot rahhot / ρ ahot c p

No

Can stability
be confirmed?

Yes

Calculate dT in
each Pixel

End

dT = aTs _ dem + b

Fig. 1. The flowchart of iterative procedure for H calculation in GEOMOD.

According to equation (6), there two unknown parameters ( dT and rah ) to obtain the
value of H. It is known that two types of pixels with extreme digital number (DN) (e.g., very
dry, very wet) in satellite images are always present, and can be referred to as "Hot" point and
the "Cold" point in image processing. To calculate the aerodynamic resistance, we oftentimes
assume that difference between atmospheric temperature and land surface temperature at the
reference height follows a linear relationship. Thus, the H under stable aerodynamic resistance
may be estimated by an iterative calculation procedure with respect to Monin-Obukhov
similarity theory.
In our analysis, the wind speed at 200 m height whose value is relatively stable was
selected as the wind speed in the mixing layer would not be affected by surface roughness.
Such a wind speed, u200, can therefore be estimated based on the measurements at ground
meteorological stations based on logarithmic wind profile.
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u200 =

u10 ln(200 / zom _ station )
ln(10 / zom _ station )

（7）

where u200 and u10 are the wind speed at 200 m and 10 m height respectively (m·s-1);

zom _ station is dynamic roughness around meteorological stations at 0.06 m height, The
aerodynamic resistance under the neutral atmospheric stratification can be expressed as:

rah =

1
Z
ln( 2 )
ku*
Z1

（8）

where, k is the von Karman constant (=0.41, dimensionless); Z2 is the reference height (=
2 m); Z1 = zoh, is the heat transfer roughness (m); u* is the friction velocity (m·s-1 ), which can
be expressed by the logarithmic wind profile equations under
stratification as below:

1
1
z
=
ln( )
u* ku ( z ) zom

neutral atmospheric
（9）

where, u ( z ) is the average wind speed; z is the height of an average wind speed; zom is the
surface roughness.
Under neutral atmospheric stratification, the friction wind speed u* can be obtained by
equation (9) and then aerodynamic resistance rah can be estimated with equation (8), the
model of calculation H is assumed as following:

dT = aTs + b

（10）

where a and b are the linear equation coefficients.
Those a pixel covered with water or high degree of vegetation whose temperature could
very low may be selected as a "Cold" point. Assuming that all the effective energy at this
pixel location is used for ET (LEcold＝Rncold－Gcold), which leads to Hcold＝0 and dTcold＝0.
On the other hand, the pixel covered with low degree of vegetation whose temperature is very
high may be selected as a "Hot" point. Assuming that there is no evaporation at this point（
LEhot＝0）, which leads to Hhot＝Rnhot－Ghot, dThot＝（Rnhot－Ghot）rahhot/ρacp. Then we can
get:

a=

dThot
− dThotTcold
, b=
Thot − Tcold
Thot − Tcold

⎧ H cold = Rncold − Gcold − kcold λ ETr
⎨
⎩ H hot = Rnhot − Ghot − khot λ ETr

（11）

（12）

Thus, the dT can be re-organized as follows:

⎧⎪dTcold = H cold rahcold / ρ acold c p
⎨
⎪⎩dThot = H hot rahhot / ρ ahot c p

（13）

in which:
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kcold

0.85 − NDVI
⎧
, NDVI < 0.85
⎪1.05 −
=⎨
2
⎪⎩1.05,
NDVI ≥ 0.85

⎧ NDVI − 0.15, NDVI > 0.15
khot = ⎨
NDVI ≤ 0.15
⎩0,

ρ is the air density, NDVI is Normalized Difference Vegetation Index, λ ETr is
the potential ET; dTcold ， Tcold ， H cold ， Rncold ， Gcold ( dThot ， Thot ， H hot ， Rnhot
， Ghot ) are temperature difference, surface temperature, sensible heat flux, net radiation
where,

flux, soil heat flux at cold point ( hot point), respectively. In this practice, the surface
temperature of the study area was adjusted to the same temperature of reference height
(average height of the region) to eliminate impact of surface temperature difference on the
calculation of latent heat flux caused by the elevation change. The Ts _ dem can then be
expressed as:

Ts _ dem = Ts + 0.0065( h − hmean )

（14）

where h is the altitude above sea level; hmean is the average altitude of study area; and Ts is
the surface temperature. The dT (temperature difference between the Z2 and Z1) can also be
determined by the following equation:

dT = aTs _ dem + b

（15）

The air temperature when the satellite transits can be determined as below:

Ta = Ts − dT
By identifying

（16）

dT and rah , the sensible heat flux H can be obtained according to

equation (6). Due to the instability of the planetary boundary layer, Monin-Obukhov similarity
theory was adopted, from which the Monin-Obukhov length L can be linked with the
parameters of rah 、 u* 、H、 dT and air density ρ a in the following equation

L=−

ρ a c p u*3Ts
kgH

（17）

where g is the acceleration constant of gravity (9.807 m·s-2). This can be used to support
the iterative procedure for the H calculation when the value of rah becomes stable (Fig.1).
Further, in this paper, friction velocity ( u* ) and aerodynamic resistance ( rah ) were revised by
using stability correction function based on the similarity theory [26,27], respectively.

u* =

rah =

ku ( z )
z
z−d
z−d
ln(
) − Ψm (
) + Ψ m ( om )
zom
L
L

1
ku*

⎡ Z2
Z2
Z1 ⎤
⎢ln( ) − Ψ h ( ) + Ψ h ( ) ⎥
L
L ⎦
⎣ Z1
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where Ψ m ( x ) 、 Ψ h ( x) are stability correction functions, d is zero plane displacement
height, k is the von Karman constant (=0.41, dimensionless); L is Monin-Obukhov length,
which reflects atmospheric turbulence conditions of the near-surface layer used to determine
the stability of atmospheric stratification condition.
The above equation system can be summarized by the following flow chart showing the
streamlines of required iterative calculation (Fig.1). Finally, based on the energy balance
equation, the instantaneous latent heat flux can be computed as:

LE = Rn − G − H

（20）

According to the above algorithm, parameters settings and modeling mechanisms
designed by Arc/Info 9.0 Macro Language (AML) and Compaq Visual FORTRAN 6.5 mixedlanguage programming were combined so as to generate the ultimate GEOMOD
computational code package. GEOMOD can be operated in a Microsoft Windows system with
ESRI GRID as the major data format.

2.2 Data collection and process
The study area was located in Inner Mongolia (latitude: 43.00°–45.00° N, longitude: 115.00°–
118.00°E) as shown in Fig. 2. The first step of the study involved the collection of satellite
images and in situ observations in the study area. Satellite images were collected from
MODIS Aqua and Terra sensors with 179 days data selected scenes from 2000 to 2006（total
cloud amount below 25%）. The remote sensing data required by the model were provided
by a number of MODIS land products in which MYD represents Aqua data products and
MOD represents Terra data products. The MODIS datasets used in this study consist of
MOD09GQK, MYD09GQK, MODMGGAD, MOD09GQK, MYD09GQK, MOD09Q1,
MOD11A1, and MOD43B3. MYD/MOD09GQK is a 250 m resolution surface reflectance
data set, and MYD/MODMGGAD is 1km resolution geolocation angle data set. MOD11A1 is
a geographically gridded version of the Level 2 daily land surface temperature (LST) product.
MOD43B3 provides both white-sky albedo and black-sky albedo. To minimize the cloud
contamination, MOD09Q1 also provides data from bands 1 and 2 at 250-m resolution over an
8-day period containing the best possible observations.

(a) Study area.

(b) Land use and land cover.

Fig. 2. Location of the study area and its land use and land cover.

The preprocessing steps involved reprojecting and reformatting satellite data to GeoTIFF,
LST, albedo, quality mask values, and satellite angle calculation. MODIS data included
satellite sensor angle and quality information about each pixel analyzed as a whole. Four data
cubes (i.e., LST, albedo, view angle, and surface reflectance quality) were created for data
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synthesis as holistic inputs in the modeling process. LST cubes were computed using
MOD11A1. View angle cubes were created using MODMGGAD and MYDMGGAD. Albedo
cubes were generated using MOD43B3. In combination with the target digital elevation model
(DEM) data, delineation of the heat exchange process on the surface of the study area became
possible.

2.3 The spatial heterogeneity analysis of the surface properties
The pixel size of MODIS thermal infrared bands (e.g., 31 and 32 bands) is 1 km, which
cannot discern the difference between farmland and grassland in scale. Within an area of
57,072 km2, which can be classified by 9,762 polygons in geographical information system
(GIS), the average resolution of 90% of the total polygons is less than 1 km because of the
spatial heterogeneity characteristics within the study area. For this reason, we applied the
patch-scale analysis of land cover to narrow down the differentiation leading to recognize that
55.1% of the total polygon number has resolution less than 0.5 km and 34.44% of the total
polygon number of resolution is between 0.5-1 km. Hence, with this advancement, the scale
effect of land use contributes to the adoption of MODIS image with 250 m resolution finally.

(a) Before interpolation of MSAVI.

(b) After interpolation of MSAVI.

Fig. 3. The daily MSAVI interpolated with corresponding 8-day products of MODIS based on
neighborhood spatial similarity.

2.4 The interpolation processing based on neighborhood spatial similarity
To overcome the cloud cover impact that disturbs the NDVI estimation temporally and
spatially, the neighborhood spatial similarity method was applied. It assumes that in small
areas around center pixel range of 1~2 km, since the soil development and vegetation
succession are kept with the same pace or similar, the topography, geology, climate and other
conditions can be considered as the same. Under normal circumstances, the vegetation index
of eight days has a strong correlation with vegetation index of one day in a small scale
neighborhood so that the non-value area of MODIS daily data of vegetation index may be
interpolated with vegetation index of eight days based on neighborhood spatial similarity. Fig.
3a is the MODIS modified soil-adjusted vegetation index (MSAVI) data in 148 day of 2000 in
which the lower right corner was affected by the cloud area. Fig. 3b is the results of modified
daily MSAVI data with the aid of corresponding 8-day products of MODIS based on
neighborhood spatial similarity. The robustness of this method can be confirmed by using the
same method to deal with an assumed blank area in daily MODIS MSAVI data and then
compare the results against the true values . It ends up a consistency index up to 0.96 and an
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absolute error less than 0.05 over 95.76% of the repair values. This improves the calculation
of H in the iterative procedure.

2.5 Dynamic estimation of surface roughness height and zero-plane displacement
In the estimation of thermal diffusion of surface water, the surface kinetic parameters mainly
refer to the surface roughness height and zero-plane displacement. These two parameters are
difficult to be obtained by using remote sensing technologies resulting in one of the major
bottlenecks when improving the remote measurements of water and heat fluxes[28]. The land
data assimilation system developed by the U.S. National Aeronautics and Space
Administration (NASA) Goddard Space Flight Center (GSFC) is aimed to promote the
prediction accuracy by addressing the seasonal changes of vegetation in connection to these
two parameters. Both can be calculated by checking a lookup table on monthly feature of
vegetation parameters[29]. In this study, we took advantage of the dynamic remote-sensing
vegetation index, based on the look-up table method as an additional advancement. The
formula is listed as following:

H eff = H min +

VI − VI min
* ΔH
VI max − VI min

(21)

where Heff is the effective vegetation height of each pixel; VI is the vegetation index of
pixel; Hmax is maximal vegetation height; Hmin is minimal vegetation height; ΔH is the
difference between Hmax and Hmin ; and VImax and VImin are the maximal and minimal
vegetation index, respectively.
Equation (21) can then be used to determine the parameters of dynamics of effective
vegetation height associated with different vegetation types. With the land-use map derived
based on the 1:100000 scale in this study as well as the look-up table developed by the NASA
GSFC, estimating the surface roughness height and zero-plane displacement turns out to be
more reliable than before finally.

3 MODEL CALIBRATION
Grassland ecosystem fluxes of CO2, H2O, momentum, and sensible and latent heat were
measured using the eddy covariance technique, alongside routine meteorological observations,
including average temperature, maximum temperature, minimum temperature, cumulative
precipitation, average wind speed, amount of cloud, and visibility. The China Energy
Radiation Network (CERN) monitoring stations located at 116°40′30″E and 43°32′45″N are
equipped with an open-circuit eddy covariance system (LI-7500, LI-COR, CSAT3, Campbell)
to continuously observe water and heat fluxes. The data were collected once every 30 min and
then corrected by Webb-Pearman-Leuning theory[30]. The energy budget at scales from the
local grasslands to the whole canopy can then be monitored by these eddy covariance
measurements and compared against predictions from GEOMOD modeling analyses.
As the daily MODIS Terra overpass in the study area occurs at 11:00 a.m., synchronous in
situ observations between 10:30 a.m. and 11:00 am (local time) were selected to calibrate the
GEOMOD model. A gridded GIS map in relation to the CERN monitoring station was applied
(area of each grid square, 1×1 km) to present corresponding averages of various radiation and
heat fluxes. Thirty discontinuous cloudless MODIS images（total cloud amount is 0% and
between April to September ） were selected to address the temporal variations. The
parameters required by the model include the vegetation index at 250m resolution, land
surface temperature and albedo at 250m resolution (enhanced based on the vegetation index),
and model outputs (net radiation and heat fluxes) at 250m resolution. Land use and land cover
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patterns of the study area include the grassland ecosystem observation station, grassland
fluxes observation station, water bodies, high/middle/low-level grass-covered land, and
cultivated land as shown in Fig. 2(b). Thus, the model runs for comparison purposes generate
broad-scale model outputs in a setting in which spatiotemporally averaged heat and radiation
fluxes within the same time window may be produced grid by grid. Table 1 and Fig. 4-6
summarizes the calibration efforts with respect to net radiation flux, sensible heat flux and
latent heat flux.

Fig. 4. Comparison between model outputs and corresponding in situ observations
of surface net radiation (w/m2) (1-30 as selected scenes from 2000 to 2005
represented julian day).

Fig. 5. Comparison between model outputs and corresponding in situ observations of
surface sensible heat flux (w/m2) (1-30 as selected scenes from 2000 to 2005
represented corresponding julian day).
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Fig.6. Comparison between model outputs and corresponding in situ observations of
surface latent heat flux (w/m2) (1-30 as selected scenes from 2000 to 2005
represented corresponding julian day ).
Table 1. Performance analysis of GEOMOD.
Net radiation flux
2

Average value (w/m )
Standard deviation

Sensible heat flux

Predicted

Observed

Predicted

534.49

540.19

195.57

58.71

53.94

63.88

Correlation coefficient

0.82

Observed

Latent heat flux
Predicted

Observed

198.68

203.39

189.70

50.63

94.97

81.30

0.64

0.75

* Correlation coefficient between observed and predicted values.
Comparison between model outputs and in situ observations to confirm the reliability of
GEOMOD model can be made possible at this stage (see Fig. 4-6). Table 1 provides a
summary of the prediction errors; and the table demonstrates the comparative accuracy of
modeled land surface heat exchange process based on four indexes whereby differentiation is
made between groups of the net radiation, soil heat flux, sensible heat flux, and the latent heat
flux. Promising correlation coefficients are shown between the predicted and the observed
values across at least the first two indexes. The estimated net radiation coincides with in-situ
observations. The maximum error of the estimated net radiation was 62.1 w/m2 occurred on
June 3, 2005.

4 RESULTS AND DISCUSSION
4.1 Seasonal Trend Analysis
Observations of the patterns of biosphere-atmosphere heat exchange and its distributions, and
of the diurnal and seasonal dynamics of these distributions, have the potential to substantially
increase our knowledge of the ET process controlling carbon cycling in grassland ecosystems
of the Inner Mongolia. Modeling the heat exchange process can also help us understand the
relationship between landscape ecology structures and regional drought impacts in grassland
and croplands of the Inner Mongolia.
The latent heat flux was estimated by using GEOMOD modeling process based on 179
samples of MODIS daily data with 250 m resolution across different seasons when having less
cloud cover effect from 2000 to 2006. Fig. 7 and 8 summarize the final GEOMOD output. To
explore the seasonal effect with such 179 samples, five key sample points as marked in Fig. 7
and 8 were picked up for summarizing the seasonal heat fluxes associated with different types
of land use and land cover. The surface characteristics of these 5 sample points, including #1,
#2, #3, #4, and #7, are versatile as described in Table 2. With the aid of marked sampling
points from #1 to #7, Fig. 7 and 8 systemically presents the spatial distributions of heat fluxes.
Selecting a specific MODIS image in the 195th day of 2000 (e.g. marked as 2000195 in the
context) enables us to exhibit the dynamics of the spatial distributions of the net radiation, soil
heat fluxes, sensible heat fluxes and the latent heat fluxes. Fig. 8 shows seasonal variations of
MSAVI estimated by using the MODIS data supported by spatial similarity method, which
reveals the peak in summer and the valley in winter throughout all selected sampling points
except #6 (e.g., a water body). This MSAVI estimates deeply affect the final calculation of the
heat fluxes.
In contrast (see Table 3 and Fig. 8a), in winter, sparse vegetation led to a high surface
albedo, and solar altitude angle was low such that the net radiation was the lowest within the
four seasons. The spatially averaged seasonal net radiation from spring to winter can be
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summarized as 527, 632, 372, and 102 w/m2, respectively. The net radiation in spring was
154.0 w/m2 higher than that in autumn because solar altitude angle in April was higher than
that in October, while other conditions were similar in spring and autumn (i.e., solar altitude
angle of the former was 57.5, while that of the latter was 38.6). As water has low albedo and
surface temperature, the net radiation of land covered by water was apparently higher than
that of any other types of land in spring, summer, and autumn.

(a)

Surface net radiation flux.

(b) surface soil heat flux.

Fig. 7. Spatial distribution of surface net radiation and soil heat flux in the study area (2000195 as 195
day of 2000) (unit: w/m2).

(a) surface sensible heat flux.

(b) surface latent heat flux.

Fig.8. Spatial distribution of surface sensible heat flux and latent heat flux in the study area
(2000195 as 195 day of 2000) (unit: w/m2).

The soil heat flux was calculated based on the net radiation and could be affected by
factors such as vegetation, the surface temperature, and soil humidity. The spatial distribution
of soil heat flux is shown in Fig. 8b. Table 4 shows that the soil heat fluxes over spring,
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summer, autumn, and winter were 114, 148, 35, and –10 w/m2, respectively. The soil heat flux
in spring was obviously higher than that of autumn due to surface temperature changes. The
soil heat flux in winter was the smallest as the average air temperature in January ranged from
only –13°C to –18°C. The soil heat flux of land covered by water was highest, while values
for forest and grassland were slightly smaller than those of the other land cover types.
Table 2. The features of five key sampling points selected for summary analysis in the study area.

Land cover
Location
Elevation (m)

1
High coverage
grassland
116.70°E,
43.63°N
1,187

2
Low coverage
grassland
116.87°,
E
43.20°N
1,293

3
Middle coverage
grassland
116.59°E,
44.00°N
1,204

4
Arable
land
116.16°E,
43.44°N
1,533

7
Woodland
117.36°E,
43.38°N
1,646

Fig. 9. Seasonal variations of MSAVI.
Table 3. The seasonally averaged surface net radiation flux in the study area over different land use and
land cover (w/m2) ( 1-14 as selected scenes from 2001 to 2005 represented corresponding julian day).
1

2

3

4

7

CERN monitoring
station

Low coverage
grassland

Middle coverage
grassland

Cultivated
land

Forest and
grassland

Spring

480.7

494.0

507.0

544.6

608.2

Summer

607.7

610.5

617.0

663.4

661.5

Land cover
type

Autumn

344.8

365.3

362.2

382.5

407.6

Winter

115.4

83.7

72.1

90.6

148.7

The sensible heat flux can be influenced by several factors, including surface temperature,
air temperature, near surface water, and heat diffusion condition, and may therefore vary
greatly with time and place. Fig. 8a shows the spatial variations of the sensible heat flux,
which ranged from –56 to 980 w/m2. The averaged sensible heat fluxes from spring to winter
were 269, 145, 143, and –8 w/m2, respectively (see Table 5). In spring, the variations of
sensible heat flux were relatively small. The sensible heat flux was similar across all land
cover types except water bodies. the sensible heat flux was highest (>240.0 w/m2) in spring,
and ranged from 130 to 172 w/m2 in summer, indicating that the sensible heat flux is also
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influenced by factors other than surface temperature (see Table 5). There are two reasons for
the higher sensible heat flux in spring than in summer, although surface temperature in
summer is normally higher than that in spring. First, in summer, luxuriant vegetation, frequent
precipitation, and higher ET rates together result in the higher latent heat, and hence lower
sensible heat. Second, in spring, surface temperature rises faster than air temperature. This is
evidenced by the observation that surface temperature in spring is 6°C lower than that in
summer, but air temperature in spring is 15°C lower than that in summer. This leads to the
higher sensible heat flux in spring than in summer.
Table 4. Seasonally averaged surface soil heat flux in the study area over different types of land use
and land cover (w/m2).
2

3

4

7

CERN monitoring
station

Low coverage
grassland

Middle coverage
grassland

Cultivated
land

Forest and
grassland

Spring

111.0

111.6

122.7

119.1

103.9

Summer

154.1

153.6

166.6

144.4

123.7

Land
cover
type

1

Autumn

36.7

38.0

36.0

36.1

30.2

Winter

–13.9

–10.4

–12.8

–14.4

–16.8

Comparing net radiation and sensible heat curves within typical land cover areas, the
former is more regular than the latter. In fact, factors that affect surface net radiation include
solar altitude angle, surface albedo, atmospheric transmissivity, surface temperature, air
temperature, and emissivity, although the variations of these factors are not significant at the
daily temporal scale or 250 m spatial resolution. However, the sensible heat fluxes can be
greatly influenced by air humidity, wind speed, and direction so that spatiotemporal variations
of the sensible heat flux are much more drastic than those of the net radiation.
Table 5. The seasonally averaged surface sensible heat flux in the study area over different land use and
land cover (w/m2).
Land
cover
types

2

3

4

7

CERN monitoring
station

1

Low coverage
grassland

Middle coverage
grassland

Cultivated
land

Forest and
grassland

Spring

252.8

242.1

281.6

285.1

284.9

Summer

130.6

138.0

172.2

133.0

151.1

Autumn

132.4

125.7

129.8

145.6

180.8

Winter

–4.8

–9.2

–8.0

–2.3

–16.9

The surface latent heat is mainly influenced by soil humidity, air humidity, vegetation, and
net radiation. Fig. 8b shows these spatial variations. In summer, because of the greater net
radiation, higher heat flux, and more luxuriant vegetation, the surface ET reaches its highest
level. Even in other land cover types, the latent heat fluxes could be as high as 386.6 w/m2
(see Table 6). It is also noteworthy that the latent heat flux of autumn is higher than that of
spring. The latent heat flux of mixed forest-grassland is higher than that of other land cover
types because higher vegetation coverage leads to larger net radiation and ET. Similar to the
spatiotemporal distribution of the sensible heat fluxes, the spatiotemporal variations of the
latent heat flux are much higher than those of the net radiation.
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Table 6. The seasonally averaged surface latent heat flux in the study area over different land use and
land cover (w/m2).
Land
cover
types

1

2

3

4

7

CERN monitoring
station

Low coverage
grassland

Middle coverage
grassland

Cultivated
land

Forest and
grassland

Spring

116.9

140.3

102.8

140.4

219.4

Summer

322.9

318.9

278.2

386.1

386.6

Autumn

175.8

201.6

196.4

200.7

196.6

Winter

140.6

103.3

92.9

107.3

184.1

4.2 Uncertainty Analysis
Challenges with characterizing and propagating uncertainty, and validating predictions of heat
fluxes permeate the modeling and groundtruthing at the same time. Metrics for validation and
mathematical constructs that are useful for describing uncertainties when predicting heat
fluxes over the grassland are lacking. With the aid of GEOMOD Model, this analysis shows
that although the precision of sensible heat fluxes could be acceptable, there is a bigger
difference between predicted and observed latent heat fluxes. Not only the uncertainty of
model projections but also uncertainties from model parameters, type of models, inherent
process uncertainties, uncertainties due to lack of knowledge about a specific process or
processes, may play a critical role in uncertainty analysis. Possible causes of errors in this
study can be due to the uncertainty of model projections because approximations were made
for the calculated dynamic surface roughness height, zero-plane displacement with land use
data and MSAVI, and aerodynamics diffusion theory collectively. Several parameters in the
modeling process might contribute uncertainty too. They include but are limited to
atmospheric transmission rate, air temperature, wind speed, and atmospheric stability. The
larger average error when addressing estimation of latent heat flux may also be due to wellknown energy flux closure problems associated with the eddy correlation flux measurement.
Synchronous comparison between the observed and predicted data is actually not possible.
The ground-level observations used to compare against the predicted data based on GEOMOD
model are mean value of half-hour observations, while the retrieved data in MODIS products
is an instantaneous value over the satellite transit time. There is a big difference between these
two sources of data.

5 CONCLUSIONS AND DISCUSSIONS
Natural ecosystems and cropland are generally influenced by water stress in arid and semiarid
areas of Northern China. The drought event in late 2008 and early 2009 is an obvious
example. There is an acute need for a remote sensing-based model that will enable prediction
of the net radiation and heat fluxes on a near real-time basis. This paper has demonstrated the
potential of GEOMOD to meet this goal. GEOMOD was developed based on land surface
energy balance and atmospheric boundary layer diffusion similarity theory, and a case study
in the Xilin Gol River Basin of Inner Mongolia confirmed the reliability of the model with the
aid of MODIS images. As MODIS products provide daily land surface albedo, surface
temperature, and vegetation index values, the model can be used to monitor the net radiation
and heat fluxes on a daily basis. In comparison with surface eddy covariance in situ
observations, the modeling-based average error of the estimated net radiation, sensible heat
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flux, and the latent heat flux were 27.9 w/m2, 41.9 w/m2, 85.4 w/m2, respectively. The
spatially averaged estimates of the net radiation from spring to winter can be summarized as
527 w/m2, 632 w/m2, 372 w/m2 and 102 w/m2, respectively. With the same trend, the spatially
averaged estimates of sensible heat flux from spring to winter were 269 w/m2, 145 w/m2, 143
w/m2 and –8 w/m2, respectively. Due to varying soil moisture content, however, the spatially
averaged estimates of latent heat flux over the four seasons were approximately 144 w/m2,
338 w/m2, 194 w/m2 and 126 w/m2, respectively. In addition, the spatially averaged estimates
of soil heat fluxes over the four seasons were 114 w/m2, 148 w/m2, 35 w/m2 and –10 w/m2,
respectively. Overall, seasonal dynamics of the latent heat flux curve and the sensible heat
flux curve were essentially symmetric because of luxuriant vegetation that leads to lower
surface temperature, lower sensible heat fluxes, higher ET, and then to higher latent heat. Yet
much more validation work and analytic results are required to support that this procedure
may perform better than others to make applications more practical and accurate in the future.
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